millions of cis-regulatory elements are predicted to be present in the human genome, but direct evidence for their biological function is scarce. here we report a high-throughput method, cis-regulatory element scan by tiling-deletion and sequencing (crest-seq), for the unbiased discovery and functional assessment of cis-regulatory sequences in the genome. We used it to interrogate the 2-mb POU5F1 locus in human embryonic stem cells, and identified 45 cis-regulatory elements. A majority of these elements have active chromatin marks, dnase hypersensitivity, and occupancy by multiple transcription factors, which confirms the utility of chromatin signatures in cis-element mapping. notably, 17 of them are previously annotated promoters of functionally unrelated genes, and like typical enhancers, they form extensive spatial contacts with the POU5F1 promoter. these results point to the commonality of enhancer-like promoters in the human genome.
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Millions of candidate cis-regulatory elements have been annotated in the human genome on the basis of histone modification, transcription factor (TF) binding, and DNase I hypersensitivity [1] [2] [3] [4] [5] [6] . These putative regulatory sequences harbor a disproportionately large number of sequence variants that are associated with diverse human traits and diseases, supporting the hypothesis that noncoding sequence variants contribute to common traits and diseases by disrupting transcriptional regulation [7] [8] [9] . However, research on the role of these putative functional elements in human development and disease has been hindered by a dearth of direct evidence for their biological function in the native genomic context.
High-throughput CRISPR-Cas9-mediated mutagenesis by single guide RNAs (sgRNAs) has been used to functionally characterize cis-regulatory elements in mammalian cells [10] [11] [12] [13] [14] [15] . However, current approaches are limited because (1) not all sequences are suitable for CRISPR-Cas9-mediated genome editing, owing to the lack of protospacer-adjacent motifs (PAMs), which are required for targeting and DNA cutting by CRISPR-Cas9 (refs. [16] [17] [18] ; (2) CRISPR-Cas9-mediated genome editing with individual sgRNAs tends to cause point mutations or short insertions or deletions, thus necessitating the use of an unrealistically large number of sgRNAs to interrogate the human genome; and (3) it has been challenging to distinguish cis-and trans-regulatory elements. To overcome these limitations, we developed CRESTseq, which allows the efficient discovery and functional characterization of cis-regulatory elements through the introduction of massively parallel kilobase-long deletions in the genome. Here we provide evidence in support of the utility of CREST-seq for the large-scale identification of cis-regulatory elements in human embryonic stem cells (hESCs). We report the discovery of 45 regulatory sequences of POU5F1, and a surprisingly large number of enhancer-like promoters.
results

crest-seq identified cis-regulatory elements of POU5F1
In a CREST-seq experiment, a large number of overlapping genomic deletions are first introduced to a genomic locus by CRISPR-Cas9-mediated genome editing with paired sgRNAs 16 ( Fig. 1a) . Cells with reduced expression of the gene of interest (Fig. 1b) are then isolated, and the enriched sgRNA pairs are determined by high-throughput sequencing. From the enriched sgRNA-pair sequences, one can infer the functional cis-regulatory sequences of the gene of interest (Fig. 1a) . We applied CRESTseq to the 2-Mb POU5F1 locus in an hESC line in which one POU5F1 allele was genetically tagged with eGFP, which allowed us to monitor the transcription level of this allele on the basis of eGFP expression 19 (Fig. 1b) .
We designed a total of 11,570 sgRNA pairs (Supplementary Table 1 ) to introduce the same number of genomic deletions ( Fig. 1a and Supplementary Fig. 1a) to the POU5F1 locus. The average size of each deletion was ~2 kb, with an overlap of 1.9 kb between two adjacent deletions ( Supplementary Fig. 1b ) such that each nucleotide in the locus was covered by ~20 distinct genomic deletions on average. As negative controls, we included 424 sgRNA oligos that lacked the PAM sequence necessary for effective double-stranded DNA breaks. As positive controls, we included six sgRNA pairs that target the eGFP gene coding sequence (Supplementary Table 1 ). We constructed a lentiviral library that expressed these sgRNA pairs (Supplementary Fig. 2 ) and transduced it into the hESC line at a low multiplicity of infection (0.1), which ensured that the majority of cells received one or no lentiviral particle (detailed in the Supplementary Protocol).
To isolate mutant cells with deletions in POU5F1's cis-regulatory sequences, we used fluorescence-activated cell sorting (FACS) to sort out cells that showed reduced POU5F1 expression from the eGFP-tagged allele but relatively unchanged expression from the non-tagged allele (Fig. 1c) . We refer to this eGFP − POU5F1 + subpopulation as the 'cis' population (Fig. 1b,c) . As a control, we also collected a sample of cells before FACS. Finally, we collected the eGFP + POU5F1 + ('high') population (Fig. 1b,c and Supplementary Notes 1-4). We purified genomic DNA from each cell population, and then used massively parallel sequencing to determine which sgRNA pairs were present in each subpopulation (Supplementary Table 2 ). We carried out the experiment in multiple replicates (Supplementary Table 2 and Supplementary  Fig. 3a) , and observed that the abundance of sgRNA pairs was highly reproducible between replicates (Pearson correlation coefficient R = 0.90 for cis, 0.92 for control and 0.97 for high; Supplementary Fig. 3b ).
To identify cis-regulatory elements of POU5F1, we first compared the abundance of sgRNA pairs between the cis population and the control population (Supplementary Table 2 ) by using a negative binomial test, and computed the fold enrichment and P value of each sgRNA pair (Supplementary Table 3 and Supplementary Fig. 3c ). We found 495 sgRNA pairs that were significantly enriched (P < 0.05 and log(fold change) > 1) in the cis samples (Fig. 1d,e and Supplementary Table 3) . As expected, all six sgRNA pairs that targeted the eGFP gene sequence were strongly enriched in the cis population (Fig. 1d) . By contrast, only 2 of the 424 negative control sgRNAs were enriched, corresponding to an empirical false discovery rate (FDR) of <0.5%. Further supporting the effectiveness of our experimental design, the sgRNA pairs with significant enrichment in the cis population were generally depleted in the high-population samples (Supplementary Table 3 and Fig. 1d) . Next, we sought to identify cis-regulatory sequences by taking full advantage of the tilingdeletion design (Fig. 1e) . We began by ranking all sgRNA pairs on the basis of their enrichment levels in the cis population relative to the control (Supplementary Table 3) . We then partitioned the 2-Mb POU5F1 locus into 50-bp bins, and used robust rank aggregation 20 to calculate a score for each bin to indicate whether the ranks of deletions spanning that bin were skewed toward the top of the sorted list (Online Methods and Supplementary Table 4 ). In total, we identified 45 genomic regions with a significant score ( Fig. 1e and Supplementary Table 5 ). Using the same criteria, we did not identify any genomic region as positive in the high population ( Supplementary  Fig. 4a ). We named each of the 45 CREST-positive elements (referred to hereinafter as CREs) according to its relative genomic distance (in kilobases) from the transcription start site (TSS) of POU5F1, with a negative sign used to denote elements upstream of POU5F1, and a positive sign used to indicate downstream elements (Supplementary Table 5 ). The 45 CREs included 4 previously identified POU5F1-regulatory elements that act in cis: its promoter (Supplementary Fig. 4b ), an upstream enhancer 21 ( Supplementary Fig. 4b ) and two temporarily phenotypic enhancers 13 (DHS_65 and DHS_108; Supplementary Fig. 4c ). The remaining 41 CREs were POU5F1-regulatory sequences newly discovered in this study (Supplementary Note 5).
cres cluster with active chromatin marks and tFs
To determine the chromatin features of the CREs, we examined the publically available chromatin-accessibility data, TF-binding profiles and chromatin-modification data sets for the H1 hESC line 3, 5 . We also carried out assays for transposase-accessible chromatin with high-throughput sequencing (ATAC-seq) 22 a c (c) Six CREs and one CREST-seq negative site (control) were selected (orange bars in Fig. 1e ) for individual validation. We generated mutant clones harboring biallelic deletion (ctrl), monoallelic deletion on the P1 allele (eGFP-containing allele), or monoallelic deletion on the P2 allele (non-eGFP allele) at the indicated genomic loci. We carried out FACS analysis of all the mutant clones and wild-type (WT) cells at day 25 and day 50 after CRISPR-Cas9 transfection. We quantified the FACS data with FlowJo, and calculated P values by two-sample t-test. P values are color-coded according to the key to correspond to the P1 and P2 deletion mutants. Data in a and b are from five independent experiments; data in c are representative of 27 independent CRE clones (listed in supplementary table 6).
and CTCF chromatin immunoprecipitation followed by sequencing (ChIP-seq) with the cell line used in the present study, and ensured that the data closely resembled previously obtained data sets for the same parental cell line 5 ( Supplementary Fig. 5 ).
As expected, a majority of CREs were associated with biochemical features characteristic of cis-regulatory elements, including DNase hypersensitivity (69%); TF occupancy; and active chromatin marks such as acetylation of histone H3 on Lys27 (H3K27ac; 22%), methylation of histone H3 on Lys4 (H3K4me3; 31%) and H3K4me1 (22%) (Supplementary Table 5 ) 5 . Notably, CREs were also enriched for binding sites of CTCF/RAD21 (29%), which have been linked to DNA looping and topologically associating domain boundaries 23, 24 (Fig. 2a,b and Supplementary  Table 5 ). It has been reported that TF binding in human cells tends to lead to the formation of dense clusters [25] [26] [27] . Accordingly, we found that the CREST-positive regions overlapped with dense clusters of TF-binding sites (16% of CREs were bound by essential pluripotency master regulators, and 44% by other TFs; Fig. 2a,b and Supplementary Fig. 6a ) and were bound by more TFs on average than DNase hypersensitive sites (DHSs) (Supplementary Fig. 6b ; P < 6 × 10 −11 ). In general, CRESTpositive regions were significantly associated with TF binding and the active histone modifications H3K4me1, H3K4me3 and H3K27ac, and were depleted for the repressive chromatin marks H3K9me3 and H3K27me3 (ref. 28) (Supplementary Fig. 6c ; P < 0.01; other features are described in Supplementary  Fig. 6d) , consistent with the findings of previous studies highlighting the role of clustered TF-binding sites in gene regulation 25, 29 . Interestingly, five CREs lacked any canonical chromatin signatures associated with active cis-regulatory sequences ( Fig. 2a; unmarked region, 11%), which suggests the existence of cis-regulatory elements without canonical epigenetic signatures, as recently reported 12 .
To validate the function of the novel POU5F1 CREs, we selected six for in-depth analysis (Fig. 1e) . We chose regions that met three criteria: (1) they were located at a wide range of genomic distances (38-694 kb) from the POU5F1 TSS; (2) they were surrounded by phased single-nucleotide polymorphisms so that allelic analysis of gene expression could be performed; and (3) they represented a wide range of CREST-seq signals, ranking 9th, 13th, 23rd, 24th and 37th out of 45 (Supplementary Table 5 ). Additionally, whereas five CREs-CRE(−694), CRE(−652), CRE(−571), CRE(−449) and CRE(+38)-were marked by canonical chromatin marks (Fig. 2a and Supplementary Fig. 7a ), CRE(−521) was unmarked ( Fig. 2a and Supplementary Fig. 7a) . As a control, we tested a CREST-negative region ( Fig. 1e and Supplementary  Fig. 7a ). We applied CRISPR-Cas9 genome editing in the hESC line to introduce monoallelic deletions 2-4 kb in length to remove these regions (Supplementary Fig. 7a ). All cell clones with monoallelic deletion on the P1 (eGFP-tagged) allele showed a significant reduction in eGFP gene expression (Fig. 2c and Supplementary Fig. 7b ; P < 2.2 × 10 −16 ). By contrast, clones bearing monoallelic deletions on the P2 (wild-type) allele showed normal eGFP gene expression (Fig. 2c) , which indicates that these sequences act in cis to regulate POU5F1 expression. We did not observe any change in eGFP gene expression in clones that contained biallelic deletions of the negative control region (Fig. 2c) . Notably, deletion of CRE(−521), which lacked any canonical marks of regulatory sequences ( Supplementary  Fig. 7a) , also led to a decrease in POU5F1 expression in the cis population. Interestingly, whereas the deletion of each of the five CREs resulted in a durable reduction of POU5F1 expression, deletion of CRE(−652) led to only a temporary reduction of eGFP gene expression that recovered fully by day 50 ( Fig. 2c and Supplementary Fig. 7b ), which suggests that it is the type of temporarily phenotypic enhancer that we recently reported 13 . Taken together, these results provided strong evidence that CREST-seq can be used to identify cis-regulatory sequences of a specific target gene in an unbiased and high-throughput manner.
Promoters acting as distal enhancers
Results from the CREST-seq experiments showed that 18 gene promoters, including the POU5F1 promoter, are necessary for optimal POU5F1 expression in hESCs (Supplementary Fig. 7a ). To rule out the possibility that promoter-proximal elements in these genes were responsible for POU5F1 regulation, we deleted 216-285-bp core promoter sequences containing the TSS of each gene and carried out allelic expression analysis in the resulting cell clones ( Fig. 3a and Supplementary Fig. 8 ). To avoid potential off-target effects, we used two sets of sgRNA pairs (deletion 1 and deletion 2; Fig. 3a and Supplementary Fig. 8 ) for the genome editing, and we recovered a total of 37 independent clones carrying monoallelic deletions for in-depth analysis ( Supplementary Fig. 9 and Supplementary Table 6 ). We found that all mutants with the P1 monoallelic deletion showed long-lasting reductions in eGFP gene expression, whereas in mutant clones with the P2 monoallelic deletion, eGFP levels were indistinguishable from those in the wild type ( Fig. 3a and Supplementary Fig. 9a,b ; quantified in Supplementary Table 6 and Supplementary Fig. 9c ). The reduced eGFP gene expression could not be due to the loss of the PRRC2A, MSH5 or NEU1 gene products, because knockdown of each gene using two sets of short interfering RNAs (siRNAs) (Fig. 3b,c) and short hairpin RNAs (Supplementary Fig. 10a-c) did not affect levels of POU5F1 mRNA (Supplementary Fig. 10d ) or POU5F1 protein ( Fig. 3b and Supplementary Fig. 10e) . Thus, the core promoter sequences of PRRC2A, MSH5 and NEU1, but not their gene products, are required for optimal POU5F1 expression. To further show whether these gene promoters could function as enhancers in a traditional reporter assay, we constructed reporter plasmids that contained the 360-bp POU5F1 core promoter sequence driving a luciferase reporter gene, with the core promoter fragments of PRRC2A, MSH5 or NEU1 inserted downstream of the reporter 13, 32 . We transfected these plasmids into H1 hESCs and assayed for luciferase activity 3 d after transfection. All elements showed significant enhancer activity compared with the control vector (Supplementary Fig. 10f) .
To rule out the possibility that CRISPR-Cas9-mediated genome editing affects POU5F1 expression through locus-wide, nonspecific mechanisms, we carried out FACS analysis of the CREdeletion mutant clones to monitor levels of both POU5F1-eGFP and HLA-C, located 100 kb upstream of the POU5F1 TSS. We found that deletion of a CRE resulted in downregulation of POU5F1-eGFP expression without any observable effect on levels of HLA-C (Supplementary Fig. 11 ). To further rule out the possibility that CRISPR-Cas9 leads to transcriptional silencing induced by double-stranded DNA breaks in cells, we assessed the presence of phosphorylated H2AX (γH2AX; a DNAdamage marker) in the mutant clones [33] [34] [35] . We found that none of the mutant clones stained positive for γH2AX at the time of the experiments when downregulation of POU5F1 was detected (25 d after transfection) (Supplementary Fig. 11a) . Therefore, it is not likely that our CREST-seq identification of multiple promoters serving as distal enhancers of POU5F1 was due to artifacts of the experimental system. enhancer-like promoters are spatially close to the POU5F1 tss To understand the potential mechanisms that allow the 17 CRESTpositive promoters, among promoters of ~120 genes in this 2-Mb locus, to specifically regulate POU5F1, we examined the 3D chromatin organization of the locus, reasoning that long-range chromatin interactions may allow these enhancer-like promoters to act as distal cis-regulatory sequences. Indeed, analysis of H1 hESC Hi-C data 36 indicated that 14 of the 17 POU5F1-regulating promoters had significantly higher levels of chromatin interactions with the POU5F1 TSS than would be expected to occur by chance ( Fig. 4a,b ; P < 0.01). The enhancer-like promoters were also characterized by other chromatin features that distinguished them from other promoters in the region, such as high levels of POL2 binding, H3K4me3 and H3K27ac ( Supplementary  Fig. 12a,b ; P < 0.01). In addition, mRNA transcription from these promoters was significantly higher than that of other genes in the same region (Supplementary Fig. 12c ; P < 0.01).
To further characterize the features of enhancer-like promoters, we developed a random-forest-based classifier capable of predicting which promoters are cis-regulatory sequences of POU5F1. As input, we used data sets of TF binding sites (Supplementary Table 7) , histone-modification 5 profiles, gene expression profiles, and the long-range chromatin contacts centered at POU5F1 (ref. 36) . We evaluated the performance of the classifier by using leave-one-out cross-validation. Strikingly, our model was able to distinguish POU5F1-regulating promoters from control promoters in the 2-Mb screening region with high accuracy (Fig. 4c ; area under the curve (AUC), 0.89; error rate, 6.3%; positive predictive value (PPV), 97.2%). We next determined feature importance by estimating the average decrease in node impurity after permuting each predictor variable, and found that the chromatin-interaction frequency was the single most important predictor (Fig. 4d and Supplementary  Fig. 13 ). This result provides strong evidence that the enhancer-like promoters specifically affect POU5F1 expression through chromatin interactions. This observation prompted us to use spatial proximity alone to make a single-variable random forest model, which also achieved high-accuracy predictions (AUC, 0.93; error rate, 9.0%) but yielded a lower PPV (74.5%), thus suggesting that although physical proximity is an important predictor for regulatory relationships, other factors are also crucial (Supplementary Note 6) . discussion Our finding that nearly 40% of the cis-regulatory sequences of POU5F1 correspond to promoters of other genes reveals the commonality and widespread use of promoters as distal enhancers. Previous studies have suggested that promoters and enhancers share common properties in terms of TF binding and the ability to produce RNA transcripts 37 . Recently, it was shown that the promoters of long noncoding RNAs and mRNAs can act as enhancers of adjacent genes 12, 31, 38 . The current study adds to the accumulating literature on the idea that distal promoters can regulate the expression of a gene other than the gene immediately downstream. Our results further show that one potential mechanism by which promoters could act as enhancers is long-range chromatin interaction (Supplementary Note 7) . This is consistent with previous studies that show extensive promoter-promoter interactions in mammalian cells 30, 36, [39] [40] [41] [42] [43] [44] [45] [46] , and reports that many promoters indeed show enhancer activity in heterologous ectopic luciferase reporter assays 30, 47 .
CREST-seq is a highly scalable tool for the unbiased discovery of cis-regulatory sequences in the human genome. Compared with previous CRISPR-Cas9 screens, which have typically required more than 100 gRNA-expressing oligos to 'saturate' a target region, CREST-seq achieved 20× coverage for the entire 2-Mb POU5F1 locus, with fewer than six sgRNAs per kilobase ( Table 1) . CREST-seq also compared favorably to the dCas9-KRAB-based CRISPRi (CRISPR interference) screen 15 in which the size of H3K9me3 peaks generated by dCas9-KRAB is less than 850 bp (ref. 48) . Although the positive hits identified by CRESTseq are usually larger in size than the elements or motifs identified by single sgRNA approaches, by generating overlapping deletions in a massively parallel fashion, CREST-seq allows the functional interrogation of a large fraction of the genome with high sensitivity and specificity. More important, CREST-seq can distinguish cis-and trans-regulatory sequences by enabling researchers to monitor the allelic expression of a reporter gene without knowledge of the haplotypes of the genome (Supplementary Figs. 14  and 15) . Finally, it is feasible to design nested tiling deletions across a whole chromosome or even across the genome. The combination of CREST-seq and single sgRNA screen approaches would allow for both high coverage and high resolution, thereby Here CREST-seq is compared with published screens of noncoding regulatory elements. The following aspects are compared: the size of the screen region, the total number of oligos required to construct the library, the average number of oligos per kilobase in each screen, and the estimated coverage of the target region. To estimate the coverage of the target region, we assumed that the PAMs were equally distributed across the genome and that each gRNA created a mean insertion/deletion size of 9.5 ± 13.7 bp. To compute the coverage of the CRISPRi screen using dCas9-KRAB, we assumed that the average size of H3K9me3 peaks introduced by dCas9-KRAB was about 850 bp. N.A., not available.
enabling truly comprehensive discovery of transcriptional regulatory sequences in the human genome. were treated with E8 media containing 250 ng/ml puromycin for 7 d, and then cultured for another 7-d without puromycin treatment. For CREST-seq screen FACS sorting, the cells were dissociated and coimmunostained with phycoerythrin (PE)-conjugated anti-POU5F1 and allophycocyanin (APC)-conjugated anti-eGFP. The eGFP − POU5F1 + , eGFP + POU5F1 + and non-sorted control cells were collected by FACS for further analysis.
Sequencing library construction. Genomic DNA was extracted from eGFP − POU5F1 + , eGFP + POU5F1 + and non-sorted control cell populations. The sgRNA inserts were then amplified from genomic DNA by PCR using the following primers:
Forward: AATGGACTATCATATGCTTACCGTAACTTGAA AGTATTTCG Reverse: GGACTGTGGGCGATGTGCGCTCTG
The PCR products were gel-purified and subjected to a second PCR reaction to add the Illumina TruSeq adaptor sequence with the following primers:
Forward: AATGATACGGCGACCACCGAGATCTACACTC TTTCCCTACACGACGCTCTTCCGATCTctTGTGGAAAGG ACGAAAC Reverse ("N" indicates the index sequence): CAAGCAGAAG ACGGCATACGAGANNNNNNGTGACTGGAGTTCAGACG TGTGCTCTTCCGATCTTTTTAACTTGCTATTTCTAGCTC TAAAAC Sequencing and processing of CREST-seq libraries. CRESTseq libraries were sequenced using HiSeq 4000 in pair-ended mode with 100-bp read length. An sgRNA pair {a, b} was considered valid if it matched the initial sgRNA design and met the following criteria: (1) a subsequence of read 1 matched GGACGAAACACCG, followed by 19 or 20 nt (namely, {a′}), and GTTTAAGAGCTATGCTG; (2) a subsequence of read 2 matched AAAC, followed by 19 or 20 nt (namely, {b′}), and CAA; (3) {a} exactly matched {a′} if the length of {a′} was 20 nt, or {a} exactly matched G + {a′} if the length of {a′} was 19 nt; and (4) {b} exactly matched the reverse complementary sequence of {b′} if the length of {b′} was 20 nt, or {b} exactly matched the G+ reverse complementary sequence of {b′} if the length of {b′} was 19. Those sgRNA pairs with total read counts less than 30 among all samples were filtered out. In the end, we kept 10,159 sgRNA pairs for further analysis (Supplementary Table 4) .
Peak-calling in CREST-seq data. For each sgRNA pair, the MAGeCK algorithm 20 was used to estimate the statistical significance (using a negative binomial test) of enrichment in the cell population relative to the control population. Next, we ranked sgRNA pairs in increasing order, using the equation log (NB P) × sign (log(exp/control)) (NB, negative binomial). Third, we partitioned the 2-Mb screened region into a set of non-overlapping 50-bp bins, B = (b 1 , …, b n ); a bin was considered positive if many of the sgRNA pairs spanning it ranked near the top of the sorted list. A robust rank aggregation (RRA) algorithm 53 was then used to identify the positive bins. Specifically, we let R i = (r i1 , …, r ik ) be the vector of ranks of sgRNA pairs that spanned bin b i , and we normalized R i into percentiles U i = (u i1 , …, u ik ), where u ij = r ij /M (where M is the total number of sgRNA pairs). The goal was to identify the bins for which the normalized rank vector U i skewed strongly toward zero. Under the null hypothesis where the normalized ranks follow a uniform distribution between 0 and 1, the jth smallest value among (u i1 , …, u ik ) is an order statistic ρ(u ij ) that can be calculated by the β-distribution β (j, k + 1 − j) We defined the final score for the rank vector U i as the minimum of the negative score: The ρ (U i ) score was converted to a P value by permutation test, as proposed by Li et al. 20 , and finally the P value was adjusted to an FDR by the Benjamini-Hochberg procedure. A bin was considered as significant if its FDR was smaller than a custom threshold.
Calculation of enrichment test score. We downloaded DHSs and peaks of ChIP-seq data sets from H1 hESCs from the ENCODE data portal 5 . Enhancers were predicted by RFECS 54 , and promoter coordinates were based on RefSeq gene annotation. The observed overlap ratio o i of feature i was computed as the fraction of CREST-seq peaks that overlapped with that feature. We then randomly shuffled CREST-seq peaks in the region using shuffleBed 55 , and counted the expected overlap rate e i as the fraction of shuffled peaks that overlapped with feature i. Fold enrichment was computed as o i /e i . We repeated this process 1,000 times for each feature and defined the enrichment test score as the fraction of tests in whcih the fold enrichment was >1. The significance of enrichment was determined by χ 2 test.
Analysis of chromatin signatures of POU5F1-regulating promoters. We randomly shuffled CREST-seq peaks in the 2-Mb POU5F1 region using shuffleBed 55 and kept only those permutations with 18 peaks overlapping promoter regions. The expected overlap rate for each shuffle was counted as the fraction of permutations that contained an active promoter signature (Pol2/ H3k4m3/H3k27ac). We repeated this process 1,000 times and calculated the permutation P value as the percentage of tests in which the overlap rate was >0.78.
Classification of POU5F1-regulating promoters by random forest. We downloaded RefSeq-annotated promoters (2,000 bp upstream from the TSS) within the screened region from the UCSC genome browser. Promoters were divided into positive and control groups on the basis of their overlap with CREs. RNA-seq data were taken from previously published work, and gene expression was estimated with the software Cufflinks for each transcript. A random forest implemented by the R package "randomForest" was applied to classify positive promoters from the negative ones with default parameter settings, without further model selection. Prediction performance was evaluated by leave-one-out crossvalidation. We estimated feature importance on the basis of the average decrease of node purity by permuting each variable.
CRISPR-Cas9-mediated deletion. CRISPR-Cas9 constructs targeting the genomic loci indicated in Supplementary Figure 6a were made according to a previously described protocol 13 . The oligos used for cloning are listed in Supplementary Table 8 .
